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Goals

To compare the relative cost-effectiveness of ex-ante forecast based cash

transfer to small-scale farmers in 5 districts in Kenya compared to ex-post
cash transfers after harvesting.
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Methods | Model Setup

Step 1: Exiract indicators from Step 2: Fit a FFT for a month m Step 3: Find the most cost-effective
datasets between 1983-2014 and obtain probabilities month m for disbursing cash transfer
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Step 1| Exfract Indicators . Menu |

C——— I
Index Reference Time step
. . Kenyan Ministry of Agriculture,
Maize Yield Livestock, and Fisheriesé Annual
Oceanic Nifio Index National Oceanic and Monthly
(ENSO) Atmospheric Administration
NP (Net Precipitation) Monthly
CHIRPS v2.07
NP6 Hobbins et al. (2016)8 6 months accumulated
NDVI Monthly
NASA GIMMS AVHRR
° NDVI6 Global NDVI3g.vi 9 6 months accumulated
-Lead Time-

We extracted two indicators of climate variability: (1) Net precipitation (NP), and (2) the
Oceanic Nino Index (ENSO); and a vegetation coverage indicator: (3) Normalized
difference vegetation index (NDVI). These three indices were obtained for each month
within the maize growing season (from March to August), and the NP and NDVI indices
« accumulated over different periods ranging from one to six months. These indices were »
used to predict a range of low maize yields events.
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Step 1| Exiract Indicators m
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Step 2| Fit a model . Menu

| e——
District of Laikipia | March
Data
N=32
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Step 2 | Obtain probabllities

Steps to obtain a FFT model:

1. Ranking and selecting 5 best predictors for each
district, low maize yield percentile and month based
on their marginal weighted accuracy (WACC).
Sensitivity weighting parameter is set to w=0.75,
therefore more emphasis is put in identifying low
yield cases;

2.  Pruning decision frees by cross validating the FFT

models using leave-one out cross-validation;

Calculation of the ROC index using trapezoidal rule;

Performance analysis of the cross-validated FFT

model by calculating standard classification

statistics such as Hits (HR) and False Alarms (FAR).

»w
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Step 3 | Cost-effectiveness m
_
month m for disbursing cash transfer

The overall objective is to compare the expected Expectod Cost of Cash Transfer (ECT)
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Step 3 | Cost-effectiveness
| m——

A) Prices before harvesting B) Prices after harvesting (September)

244

y= 380+ 304 y=-a8weati
L T
281 i | Price when Maize Y15%
! I
| 1 5 E
I : i
I . i 1
I : @ Price when Maize Y20% E E
1
= 25 i |
] |
=
£ I |
2 | |  eFrice when Maize Y25%
g I @ Price when Maize Y30% £l 3 i 3
g I Maizs iosa Anoealy Baringo Maize Vield Anomaly Nasok
8 | —
s I i @ Price when Maize Y35% 284 1 .Plne when Maize Y15%
8 1 1
= 2 : 1 1 1
: - -
" | *Pfes when Maize vzo% =
3
| ! 2] 11 2=
I g 1 g2
£ 5 e
1 I =3 i @ Price when Maize Y25% = -
1 g |1 = Pilce when Maize Y30% g =
224 | 1 § 5
3 z 13 P 5 [3 7 i1 ¢ 10 1 12 B I - Prl'l:a when Maize Y35% ki
I Month E I
I

y=-1x+100

15 206 25 30 36

Maize yield percentile (%)

224
3 S 3 B s 4 7 1] ) 10 T 2
Month

EGU | 2018




Results |FFT Models

Probability (%)
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Results 1. Performance of the
tested FFT models in
predicting true low maize
yield events (Hit Rate), and
false low maize vyield events
(False Alarm) per district,
maize vyield percentile and
lead fime. Yellow bars
represent the False Alarms
Rate, and green dashed lines
the Hit Rate. Different levels
of low maize yield percentiles
are highlighted in shades of
grey. Dashed black line is
drawn at the 50% probability.
Sensitivity weighting

parameter is w=0.75
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Results | Cost-effectiveness assuming perfect forecasts

Baringo Laikipia Narok Nyandaura West Pokot
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Results 2. Total expected cost of
cash transfer per district, lead fime
and maize  yield percentile
simulating a perfect forecast before
harvesting from March to August
(HR=100% and FAR=0%). Dark red
dots highlight all lead times before
harvesting (starts in  September)
when expected cost of cash
fransfer before harvesting is lower
than the expected cost of cash
transfer after harvesting (CBH,, <
CAH), and in black when the
opposite. The most cost effective
lead time is highlighted in grey.
Boxes are blank when the maize
yield percentile for the specific
district is higher than the mean

human energy requirement,
therefore, cash transfer is not
triggered.
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Results | Cost-effectiveness using FFT Models m
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Results | Sensitivity Analysis
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Discussion & Conclusions m

o Overdll, FFT models have skill to predicted low maize yields in all five districts, mostly already six
months before the start of the harvesting season. FFT models correctly predicted low maize yield
cases 85% of the time. Probabilities of False Alarms decrease towards the end of the maize
growing season;

o We observed that, when assuming a perfect forecast, cash transfer is expected to be more cost-
effective at lead fime 6 (March). Cash fransfer before the maize harvesting triggered by FFT
models forecasts is often more cost-effective than initiating ad hoc emergency cash transfer
responses;

o Generating more evidence-based and targeted investment in early actions such as cash tfransfer
is a unique opportunity to ensure that short-term goals of drought risk reductions and food security
are met;

o When operationalizing cash transfer, challenges are multiples;

o Currently, the Kenya Hunger Safety Net Programme triggers cash fransfers based on a single
satellite vegetation condition index (VCI). The National Drought Management Authority could
improve the reliability of cash transfers by including other drought early warning indicators such as

(( the ones adopted in this investigation. ))
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Sensitivity Analysis | Price
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Sensitivity Analysis | Price
| m——
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